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Abstract: The fast-paced urbanization of recent decades entails that many regions are facing seemingly
uncontrolled land-use changes (LUCs) that go hand in hand with a range of environmental and
socio-economic challenges. In this paper, we use an integrated cellular automata–Markov chain
(CA–MC) model to analyze and predict the urban expansion of and its impact on LUC in the city
of Bahir Dar, Ethiopia. To this end, the research marshals high-resolution Landsat images of 1991,
2002, 2011, and 2018. An analytical hierarchy process (AHP) method is then used to identify the
biophysical and socioeconomic factors underlying the expansion in the research area. It is shown
that, during the period of study, built-up areas are rapidly expanding in the face of an overall decline
of the farmland and vegetation cover. Drawing on a model calibration for 2018, the research predicts
the possible geographies of LUC in the Bahir Dar area for 2025, 2034, and 2045. It is predicted that the
conversions of other land-use types into built-up areas will persist in the southern, southwestern, and
northeastern areas of the sprawling city, which can mainly be traced back to the uneven geographies
of road accessibility, proximity to the city center, and slope variables. We reflect on how our findings
can be used to facilitate sustainable urban development and land-use policies in the Bahir Dar area.
Keywords: analytical hierarchy process; cellular automata; land-use change; Markov chain; urbanization
1. Introduction
Urbanization and urban sprawl have become every-day realities across the world [1–3]. The world’s
cities are now home to more than half of the total world population [4], even though “urbanization”
consists of variegated processes that unfold unevenly in time and space. Many developing
countries—those in Africa, in particular—have recently begun rapidly urbanizing, with the urban
population in Africa projected to triple by 2030 [5,6]. Furthermore, the continent is projected to be
most rapidly urbanizing between 2020 and 2050 [6,7].
Many of these urban transition processes have resulted in the seemingly uncontrollable expansion
of the urban fabric into the surrounding fringes. This, in turn, is often considered to adversely affect the
ecosystem and poses major socio-economic challenges for a broad range of actors [1,8,9]. Many of these
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urban transition processes have resulted in the seemingly uncontrollable expansion of the urban fabric
into the surrounding fringes. This is, in turn, often considered to be adversely affecting the ecosystem
and posing major socio-economic challenges for a broad range of actors [1,8,9]. In particular, in many
African cities, the absence and/or the implementation problem of spatial planning policies [10,11]
worsen the uncontrolled land-use changes, governance complexities, and widening socio-economic
gaps across different scales [12–14].
Unsurprisingly, then, these LUCs have become a major point of attention in scientific
research [15,16]. One salient area of research has been modeling the nature and the geographies
of the massive conversion of “other” land-use types into built-up areas because of rapid urban
expansion [17,18]. For example, previous studies have revealed that the built-up area expansion has
predominantly been occurring by means of the conversion of agricultural land [19–21], forest [22], and
open lands [23,24], depending on the context. These rapid and often uncontrolled and unplanned land
use conversions have become a key challenge as they impact livelihoods in both the earlier communities
and the newly emerging sprawl communities alike, and therefore ultimately the sustainability of the
urban expansion at large [13,18,25]. Overall, it is clear that in many situations, rapid sprawl has created
social, economic, and political instabilities that can be attributed to governance and land use policy
issues [12,14].
A scientific cornerstone in the understanding and subsequent mitigation of the challenges
associated with the fast-paced urban expansion is the ability to understand and predict the expansion
patterns as well as its key socioeconomic and environmental drivers [24]. Integrated cellular
automata–Markov chain (CA–MC) models have arguably been some of the most commonly used
spatiotemporal techniques in this regard. CA–MC models analyze how biophysical and socioeconomic
variables impact LUC in and around cities. Furthermore, such models subsequently use these insights
to predict the likely future trajectory of LUCs [26]. In many cases, a complementary analytical
hierarchy process (AHP) is invoked to present a multi-criteria evaluation of the relative role of different
factors to explain the expansion of a particular city [26–28]. Indeed, the application of such a model
helps in revealing the trends, factors, and possible LUCs in a given area, acknowledging that these
factors may be geographically specific. In practice, this is achieved by combining insight in processed
high-resolution imageries, the potential factors influencing LUC, and a number of constraint variables
in the urban expansion process. Several studies have applied this model in different geographical
contexts [27,29,30]. For example, Mosammam [13] found a dramatic increase in the built-up area,
mainly occurring along major roads and highways, resulting in an enormous decrease in agricultural
land in Qom, Iran. Meanwhile, in a review paper by Aburas [31] focusing on CA-based simulation
models, it was suggested that the integration of quantitative models such as MC and AHP could
improve the accuracy of CA modeling and prediction. In this paper, we apply such an integrated
CA–MC model with an AHP process for the purpose of modeling and predicting the geographies of
the urban expansion around Bahir Dar, Ethiopia. We argue that the results of this research can help
policymakers to implement more coherent and sustainable urban planning strategies as it allows us to
capture both past and likely future trends.
In spite of Mundia and Murayama [32] affirming the applicability of the CA–MC model in
developing countries, mainly due to the absence of reliable and accurate data, it has been rarely
employed for analyzing Africa’s urban expansion [12,23,32,33]. Against this backdrop, the primary
objective of this research is to model and dissect the nature and geographies of urban expansion on
LUCs in Bahir Dar by combining an integrated CA–MC model and the AHP technique of expert surveys.
2. Materials and Methods
2.1. Study Area
In spite of its booming capital city Addis Ababa, Ethiopia is presently still one of the least
urbanized nations in Africa: its urbanization level is even below the East African sub-region average of
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25 percent [34]. Nonetheless, it has been moving towards becoming one of the most rapidly urbanizing
countries in sub-Saharan Africa in general and in Eastern Africa in particular. According to the United
Nations [35], its urban population was projected to increase annually by 4.6% between 2015 and 2020.
In addition to extensive rural–urban migration, this urban boom has also been fueled by broader
patterns of population growth [13,36].
Bahir Dar City is one of the largest and most rapidly expanding cities in Ethiopia. It is the political,
economic, and cultural center of Amhara National Regional State (ANRS), the second-most populous
region in the country. In addition, the city is one of the major tourist centers in the country because of
its cultural heritage (such as the Lake Tana Monasteries and religious festivals) and natural attractions
(such as the Blue Nile Falls, birds, and hippos). The area is also characterized by rich biodiversity,
and, as such, recognized as a Biosphere Reserve by UNESCO. According to data from the Central
Statistics Agency [37], in 2017, about 350,000 people lived in the city. The city is located at 11◦36′ N
latitude and 37◦23′ E longitude, at the southern shores of Lake Tana, the largest lake in Ethiopia. Thus,
the research area consists of Bahir Dar city and parts of its surrounding rural fringes (locally termed
“Kebeles”; Figure 1). Identifying the relevant potential zones of urban expansion in a modeling exercise
is an important but difficult task; understanding the impact of built environment expansion requires
identifying a relevant study area, but a clear and comprehensive spatial planning vision that could
help identify this study area is lacking. We, therefore, adopted a pragmatic approach with a study area
that is roughly defined by the lake to the north, the airport to the west, the Bezawit hilltop to the east,
and the Sebatamit town border to the south.
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2.2. Data Sources
We used a range of datasets to analyze LUCs in Bahir Dar (Table 1). As the United States Geological
Survey (USGS) Landsat images are frequently updated and publicly available through Earth Explorer
(http://earthexplorer.usgs.gov/) [24], in this study, we used the overtime Landsat images on a 30-m
resolution for 1991, 2002, 2011, and 2018. These images have cloudiness of less than 10% and were
acquired in the winter season in which the area experiences little cloud cover, and there are fewer
atmospheric errors. We also gathered a digital elevation model (DEM) of 30 m resolution from the
Advanced Spaceborne Thermal Emission and Reflection Radiometer (ASTER). This was, in turn, used
to prepare a slope layer for the area. Finally, vector data for the major roads in the study area were
collected from OpenStreetMap, and its geometric consistency was verified in QGIS software.
Table 1. Dataset sources and types.
Dataset Date Source Resolution
Landsat 5 (Thematic Mapper) 1991, 2011 U.S. Geological
Survey 30 mLandsat 7 (Enhanced Thematic Mapper Plus) 2002
Landsat 8 (Operational Land Imager) 2018
Digital Elevation Model (DEM), Slope 2009 ASTER (NASA) 30 m
Road 2013 OpenStreetMap vector
2.3. Methods
Based on the overall analytical procedure set out in Figure 2, the extracted satellite images are
projected into the WGS1984/UTM zone 37N system and subsequently classified via the maximum
likelihood supervised image classification technique in ERDAS IMAGINE 15. The classification
accuracy of the classified images is checked against random ground truth points. This is followed by
the computation of an MC transition probability matrix of the area. Subsequently, the suitability map
of each land-use class is developed using their corresponding factors and constraint variables, i.e.,
those factors identified by the AHP. Finally, the combined CA–MC model is validated and used for the
prediction of future city expansion.
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2.4. Land Use Classification
Using a modified version of Anderson’s often-used land use classification description [38,39], the
satellite images for 1991, 2002, 2011 and 2018 were classified into five land use types: waterbodies,
farmland, built-up areas, rangeland and forest (Table 2). We collected 150 random ground truth points
for assessing the classification accuracy of the classified satellite images (i.e., 30 points for each land-use
class identified below).
Table 2. Types of land use.
Land Use Classes Description
Waterbodies Lakes, stream courses, reservoirs, and waterbodies
Farmland Arable croplands and other agricultural lands
Built-up areas (urban) Commercial and residential areas, road, and continuous built environment
Rangeland Mixed or grass-covered open areas, barren land, shrubs, and wetlands
Forest (vegetation) Trees, shrubs, semi-natural vegetation, and deciduous forest
2.5. Urban Growth Model
Measuring and, above all, modeling urban expansion and its impacts requires the exploitation
of both (historical) remote sensing data and data on actual socioeconomic attributes [2,8,13]. Urban
modeling thus enables policymakers and officials to understand and foresee the future expansion and
helps in designing LUC policies better geared towards sustainable development [18,31,40].
Previous research has, inter alia, applied various econometric models and spatial-based
measurement frameworks for examining urban complexity and its multifaceted expressions [41,42].
Spatiotemporal models such as CA, MC, and SLEUTH (slope, land use, exclusion, transportation,
and hill shade) techniques were applied in most of the previous studies for monitoring urban
expansion [43,44]. In the present paper, we used an integrated CA–MC model that eliminates the
shortcomings of individual (CA and MC) models [4].
2.5.1. Cellular Automata (CA) Model
CA is a simulation technique for modeling the dynamics of various complex phenomena using
discrete models; it uses a countable outcome of a specific feature at a particular time [43,45,46]. This
is achieved by representing spatial complexities in a grid/lattice of cells that have a specific land
use [15,47]. To this end, CA models have four components: the cell, the state, the transition rule, and
the neighborhoods [41]. The cell in CA is an element of a grid that represents a particular spatial shape
and size on the ground. The state is any possible feature of a cell in the grid that represents the real
characteristics of the area at a particular time (i.e., in this research, the land-use type). The neighborhood
cells are the adjacent pixels: the cells that are the immediate neighboring cells of a particular cell in
the grid. Finally, the transition rules spell out the transformation of cells into another state due to the
change in neighborhood cells’ status [2,22,48].
The application of the CA model shows the role of physical and environmental factors that
restrict the urbanization process, assuming that the neighborhood cells also influence the state of a
cell [22,46,49]. Therefore, the state of the specific plot of land on the ground (e.g., a water body such as
a lake) is determined by some predefined transition rules (e.g., water bodies cannot be converted into
the built-up area) as well as the state of the neighborhood cells [50].
2.5.2. Markov Chain (MC) Model
In this study, the MC model defines the scope of the spatiotemporal LUC, assuming the present
cell’s state depends on its historical land use and the likelihood of it changing into another form of
land-use class [12,16,47]. The likelihood of changes is defined by a transitional probability matrix,
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which is computed from a series of historical land-use maps for each pixel changing [8,47]. Accordingly,
the land-use transition probability between time t and t − 1 is computed as
P(t) = P(t − 1)Pij (1)
where P(t) and P(t − 1) are the state probability of a cell at present and the previous point in time,
respectively. Pij is the probability matrix of land-use type i changing into land-use type j:
Pi j =
∣∣∣∣∣∣∣∣∣
P11 P12 · · · P1n
P21 P22 · · · P2n
P31 P32 · · · P3n
∣∣∣∣∣∣∣∣∣ (2)
Each transition probability value in this matrix denotes the persistence/conversion probability
of a particular land-use type (rows: land-use type of a previous time point) to another land-use type
(columns: land-use type of a later time point), with the assumption of there being constant land-use
conversion probabilities [13,51]. The principal diagonal values represent the probabilities of LUC
continuity: the likelihood of the specified land-use class remaining unchanged while the off-diagonal
values show the land use conversions across land-use classes [14,26,29].
2.5.3. Integrated CA–MC Urban Growth Model
Both CA and MC models have their limitations, i.e., the inability to empirically describe the
LUCs (CA) and the geographical lack of specificity when describing changes (MC), respectively [24,52].
An integrated CA–MC, therefore, increases both models’ capability by capitalizing on their respective
qualities [4,31]: it combines the neighborhood effects of the CA and the historical transition probability
effects of the MC, thus giving a more comprehensive prediction of the LUCs [14,17,51]. Unlike other
models, this has the advantages of incorporating both time and spatial variability, while at the same
time recognizing some of the major biophysical and socio-economic drivers underlying LUC [8,14].
In identifying these potential factors, we use an AHP technique that allows the incorporation of the
insights and decisions of experts [53,54].
2.5.4. Analytical Hierarchy Process
AHP is a multi-criteria evaluation tool used to determine the relative weights of factors using
pairwise comparisons [16,28,55]. In our research, we employed Saaty’s AHP technique, which involves
a 9-relative-point scale in which larger AHP values represent higher preferences of the expert towards
one of the contending factors (Table 3) [56]. An AHP value of 1 denotes that the expert judges the two
urban expansion factors as equally important, whereas 9 represents the absolute preference of the
expert for one factor over the other in determining the nature of LUC.
Table 3. AHP point scales.
Value Definition Explanation
1 Equally preferred Two factors are equally affecting the objective
3 Weak preference One of the two factors is slightly favored
5 Strong preference One of the two factors is strongly favored
7 Very strong preference One of the two factors is very strongly favored
9 Absolute preference One of the two factors is absolutely favored
2, 4, 6, 8 Intermediate preferences betweenthe two neighboring values
The experts’ transitional judgments of between
adjacent preferences.
In our study, the competing urban expansion factors are slope, elevation, distance to major roads,
distance to Central Business District (CBD), and distance to water bodies. The study area is mapped
against each of these factors (Figure 3). The city is at the intersection of three major roads (Addis Ababa
to Gondar, crossing the city from southwest to northeast; Bahir Dar to Tis-Abay, running from the city
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center in a southerly direction; and Bahir Dar airport to the city center, from a western direction; see
Figure 3A) and has two major CBDs: the Abay and Tana market (in the west), and Abay-Mado market
(in the east), which act as the city’s two main commercial centers (see Figure 3B).Land 2020, 9, x FOR PEER REVIEW 7 of 17 
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In November 2018, we presented a pairwise comparison questionnaire to a total of 10 local experts
working in the field of urban planning, surveying, and geography. These experts e affiliated with
the ANRS Bureau of Urban Development, Housing and Construction, he Amhara Urban Planning
Institute, the Bahir Dar City Administration, and Bahir Dar University. Using the responses of
these experts in the form of an AHP matrix, we computed the expansion factor eights using the
multi-criteria evaluation (MCE) module in IDRISI. According to Saaty [56], the relative weights set by
the experts have to be consistent, which can be measured using a consistency ratio (CR). We computed
the CR as the ratio between the consistency index (CI) and the random index (RI) [54,56]. In an n × n
AHP matrix, RI is the average consistency index based on the given matrix order by Saaty [56].
CR = CI/RI (3)
CI = (λmax − n)/(n − 1) (4)
where λmax is the principal ig nvalue of th AHP airwise matrix. For reliable expert j dgment, the
CR value should be less than 0.1 [12,56].
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Based on a survey of the literature, the selected input factors (Figure 3) were standardized using
the sigmoid, J-shaped, and linear fuzzy membership functions in IDRISI [4,24,30,57,58]. We opted for
a monotonically decreasing J-shaped membership function for distance to major roads with control
points of 300 m and 2 km. Based on the literature [24,58,59] and personal observation of trends in the
area, a distance of up to 300 m was considered as highly suitable, after which the suitability decreases
between 300 m and 2 km to become unsuitable for urbanization after 2 km. Similarly, the 0 m and
3 km control points were used in monotonically decreasing linear function for the distance to the CBD
factor. Finally, a monotonically decreasing sigmoid function was used for rescaling the slope factor
with the control points of 0% and 15%, elevation with 1850 and 1900 m, and the distance to water
bodies with 500 m and 3 km. For example, a slope of 0% represents a high suitability, after which
suitability decreases to 15%, while beyond 15%, it is considered to be unsuitable.
2.6. Model Calibration and Validation
Model implementation and calibration is a critical step when applying a CA–MC model [2].
The integrated CA–MC model in this research draws on the computed transition probability matrix and
suitability map of the area. Here, we employed the classified land use maps of 1991, 2002, 2011, and
2018 to compute the possible likelihood of each cell through time. Thus cells are arranged in descending
order to various states (land-use classes) based on the transition rules in each iteration of the CA–MC
module in IDRISI [10]: one iteration is assumed to be equal to one year. In this study, the suitability
map of the area is derived from using biophysical and socioeconomic driving forces and a constraint
layer [2,60,61]. This urban suitability map output from IDRISI is given by standardized values between
0 and 255, where 0 signifies no suitability and 255 is highly suitable for a specific land-use class [4,24,26]
using the combination of transition factors and the constraint layer (Figure 3). The model calibration
was conducted in 2018. Subsequently, we projected the urban (built-up) expansion impact on LUCs for
the coming years.
In this study, the CA–MC model projection is validated using the kappa index of agreement (KIA)
technique by fitting the actual onto the simulated land use maps of the area [13,19,55,62]. The kappa
(K) value indicates the model’s goodness of fit, comparing the observed agreement and expected
agreement by chance between the two land use maps, and is computed as
K = (P0 − Pe)/(1 − Pe) (5)
where P0 is the observed agreement, and Pe the expected agreement by chance. The value of K ranges
from −1 to 1. Negative values of K represent disagreement between the observed and expected
agreements, whereas values greater than 0 represent agreements [63–65].
The K metric has both strengths and limitations for validating a CA–MC model. Its high dependency
on land use persistence, the inability to recognize new developments, and uniform assumptions of
spatiotemporal urban growth are among the limitations [65,66]. Despite these weaknesses, K metrics
are still the most commonly used technique for validating the CA–MC model [2,58].
3. Results
3.1. Classification Accuracy
We found an overall classification accuracy of 0.89, which is satisfactory given that an accuracy
of 0.85 is considered to be a minimum criterion [38,67,68]. The different land-use classes have the
following classification accuracies: water (0.96), farmland (0.93), built-up (0.87), rangeland (0.77), and
vegetation (0.90), with the slightly higher classification errors for rangeland and built-up areas likely
being due to the color reflection resemblance of the roofs of traditional buildings and paved ways in
the study area, which could mistakenly be classified across other land uses.
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3.2. Temporal Land-Use Changes
Corroborating the rationale for this research, it can be seen that built-up areas between 1991 and
2018 have been steadily expanding over time (Table 4). This expansion mainly results in a sharp and
accelerating decline in farmland: 603 (1991–2002), 1204 (2002–2011), and 1598 ha (2011–2018). In other
words, in 1991, there was more than four times as much farmland as there was built-up areas in the
study area, but by 2018, the built-up area had become almost twice as large as the share of farmland.
The built-up expansion has, above all, been pronounced in erstwhile peripheral areas (Figure 4).
As a result, about 1635 hectares of built-up area has been added to the southern, southwestern, and
northeastern fringes of the city. Overall, in the past 27 years, about 3405 hectares of farmland have
been converted into other land-use classes, mainly into built-up areas.
Table 4. Land-use changes between 1991 and 2018 (in hectare).
Category
Year
1991 2002 2011 2018
Waterbody 1139 1059 1032 1079
Farmland 5695 5092 3888 2290
Built-up 1246 2708 3202 4343
Rangeland 3567 3385 3462 4024
Forest (vegetation) 2948 2350 3010 2858
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was changed into built-up areas (17.3%) and rangeland (34.2%). In the entire period (1991–2018), only
23.2% of farmland remained unconverted. During this period, 30.3% farmland, 38.4% rangeland, and
24.7% of the forest were shifted to built-up areas as a result of rapid urbanization in the area (Figure 4).
The transition probabilities derived from this are then used to compute the likely changes for future
LUCs: the 2002–2011 probability matrix was used to calculate the LUCs for 2018, 2011–2018 for 2025,
2002–2018 for 2034, and 1991–2018 for 2045.
Table 5. Markov transition probabilities for different periods.
Period Category Waterbody Farmland Built-up Rangeland Forest
2002–2011
for 2018
Waterbody 0.8054 0 0.0257 0.1463 0.0225
Farmland 0.0008 0.4197 0.1731 0.3415 0.0649
Built-up 0 0.2018 0.4283 0.2216 0.1483
Rangeland 0.0017 0.3267 0.1994 0.331 0.1411
Forest 0.0155 0.0095 0.2516 0.0709 0.6525
2011–2018
for 2025
Waterbody 0.7935 0 0.0945 0.043 0.069
Farmland 0.0004 0.3198 0.3635 0.2947 0.0216
Built-up 0.0075 0.0559 0.4502 0.2918 0.1945
Rangeland 0.0198 0.2186 0.3215 0.3957 0.0443
Forest 0.0147 0.0021 0.149 0.2441 0.5901
2002–2018
for 2034
Waterbody 0.7737 0 0.0974 0.0394 0.0895
Farmland 0.0034 0.2486 0.3273 0.3291 0.0917
Built-up 0.0018 0.0822 0.4592 0.2857 0.1711
Rangeland 0.003 0.1971 0.302 0.3443 0.1536
Forest 0.0459 0.0032 0.1855 0.2172 0.5482
1991–2018
for 2045
Waterbody 0.7454 0 0.0992 0.0423 0.1131
Farmland 0.0006 0.2319 0.3032 0.3149 0.1497
Built-up 0.0155 0.1544 0.5034 0.2132 0.1135
Rangeland 0.0073 0.1545 0.3839 0.2951 0.1592
Forest 0.0142 0.0257 0.2474 0.3242 0.3884
3.5. Integrated CA–MC Model Implementation and Validation
The combination of a suitability map, the recent land-use map, and the transition probabilities
implies that, above all, areas with flatter slopes and medium altitudes that are relatively near to major
roads, the CBD, or water bodies, are considered to be suitable for urban expansion. At the same time,
however, the water bodies (the lake and the river) are an obvious constraint for this expansion (Figure 3).
Based on this, we projected the expansion and LUCs for 2018, 2025, 2034, and 2045, respectively
(Figure 5).
The projected 2018 LUC map, in turn, is used for validating the model performances. By comparing
the actual and projected land use maps of 2018, we found a kappa value of 0.42. This Kappa value
indicates that the model accuracy is moderate yet acceptable for projecting future LUCs as the observed
agreement using the model exceeds the expected agreement by chance [23,62,63].
The projected built-up expansion will occur in different directions, with varying extents, and
replacing different types of land use in the years to come (Figure 5). For example, the built environment
LUC between 2018 and 2025 is projected to mainly take place at the urban fringes, especially in the
southwestern and northeastern parts of the city—sprawl will thus continue to be a major reality in
this period if recent trends, dynamics, and processes persist. In this period, most of the conversion
into built-up areas will be from farmland and rangeland; meanwhile, the projected LUCs between
2025 and 2034 results mainly from a reduction in rangeland and forest. During this period, this
built-up expansion is projected to occur mainly within the existing city boundaries. Finally, the
built-up expansion between 2034 and 2045 is even more clearly scheduled to take place within the
city boundaries, pointing to overall patterns of densification rather than sprawl. In this period, the
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projected built-up expansion is mainly occurring through the conversion of forestland and rangeland
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4. Discussion
In this study, drawing on an integrated CA–MC model, we mapped the major conversion of other
land uses into a built environment as a result of the uncontrolled urban expansion in Bahir Dar city.
During the last three decades, the fourfold population increase in the city has been matched by a
quadrupling of built-up expansion and LUCs [37] (Table 4). According to Adam [69], this expansion has
taken the shape of both formal and informal settlements in replacing farmland, rangeland, and forests.
Formal settlement programs include the government’s land lease and condominium housing programs,
and the gradual distribution of subsidized or free land for house construction. For example, in 2013/2014,
Bahir Dar city administration distributed about 65 hectares of land to 4345 households organized in
housing associations, mainly by land expropriation from neighborhood farmers. In addition, informal
settlement expansion has also played a major role in LUCs in the area, referring to the construction
of houses on illegally occupied land, or houses that do not comply with the city land-use planning
and building permits. About 30% of the total housing stock in Bahir Dar has been reported as being
informal, and this figure has likely grown in recent years [69].
In recent years, this unplanned urban sprawl and the associated LUCs have faced resistance
from local farmers and landowners due to inadequate compensation of land expropriation [20,70].
For example, farmers living in neighboring small rural areas (Kebele) such as Yibab, Yinesa Sositu,
and Robit are resisting the formal settlement expansion programs by the city administration. This
creates an inability on the part of the local government to provide housing land for the existing waiting
lists of housing associations. In addition, in reality, vegetation cover is also deteriorating as the built
environment stretches into the rural areas [20,71]. For example, the forest cover on Dibanqie hill (to the
west), and Bezawit hilltop (to the east) has been depleting over the last decades.
Similar to many cities in developing countries, urban sprawl processes in Bahir Dar will likely
continue due to both the natural population growth and the rural to urban migration [20,72,73]. In spite
of this, in due time, because of the assumed socio-economic and biophysical factors in an integrated
CA–MC model, we predict there will be urban densification in Bahir Dar (Figure 5). This process
implies rapid urbanization in developing countries in general, and Bahir Dar city, in particular, does
not equate with never-ending sprawl as, for example, accessibility to infrastructure is also a major
determinant underlying urbanization. As far as socioeconomic and biophysical factors of urbanization
are concerned, the factors such as distance to road, distance to CBD, and slope can significantly affect
the shape and size of the city expansion [74,75]. Thus, the development of key infrastructure, including
road construction and the establishment of sub-centers, can guide future built-up expansion [76].
The implementation of appropriate urban planning and land use management is vital to curb the
excessive sprawling into the neighboring rural communities on the one hand and overcrowding in
the core city areas on the other hand. To this end, urban stakeholders, especially city administrators
and urban planners, can consider implementing effective urban planning strategies through the
establishment of new subcenters and the development of road infrastructure [33,72,77–79]. Thus,
a future study could assess the role of various urban decision-makers in the land-use change processes
of urban areas. By doing so, the findings would be useful as the inputs for urban planners and other
stakeholders to understand the linkage and interaction of built-up expansion and the nearby areas.
Both the research findings in this study and related previous studies tried to show the usefulness
of the application of the CA–MC model to figure out factors and trends of urban expansion and its
impact on the land-use changes of a particular area [4,24,31,55]. Indeed, the model identified the role
of biophysical and socioeconomic variables in predicting future urbanization processes. Despite the
strength of this model, further studies are needed to include various non-quantitative and spatially
heterogeneous variables of urbanization and land-use changes using social-ecological modeling such
as agent-based models [43,80–82].
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5. Conclusions
In this paper, we developed a model predicting the spatiotemporal dynamics of LUC in and
around Bahir Dar, Ethiopia. We combined a CA–MC model with the AHP technique in order to
introduce expert opinions for deciding on the potential factors of urban expansion in the area. Based
on the historical LUC from 1991 to 2018, the study has attempted to detect, simulate and predict the
future expansion trends up to 2045, with a specific empirical focus on changes in the built-up area.
This has, in turn, been validated by comparing the actual and projected 2018 land use maps.
The encroachment of farmland has been drastic in these past decades: its share in the total research
area has been reduced from 39% to 15%. The current land-use change probability matrix in Table 5
suggests that this decline will continue, albeit at a slower pace. If the model predictions hold (i.e.,
the transition factors and the historical MC probability matrix producing valuable insight), in the
coming three decades, 15.6 ha farmland, 9.4 ha rangeland, and 3.9 ha forest will annually be converted
into built-up areas. Distance to major roads and closeness to the city centers will direct this projected
expansion, resulting in expansion and densification in the southern, southwestern and northeastern
parts of the city. Hence, future infrastructural developments and establishment of subcenters are
critical in accommodating the growing population and achieving sustainable urbanization.
One key contribution of our paper has been that it evaluates LUC as a result of rapid urbanization
by combining the biophysical and socioeconomic variables: distance to road, distance to the CBD,
and distance to water bodies, slope, and elevation. This spatiotemporally explicit CA–MC model
integrates the qualities of the two individual models and experts’ judgment. Indeed, unlike other
models, it measures both the scope and the geographical specifics of expansion. Its result can be used
for improving land use management and city planning as it presents the factors and the trends of
urban expansions in light of ongoing LUCs. Thus, urban stakeholders, especially local authorities and
planners, should consider the influence of these factors on the urban expansion, i.e., road networks
and distance to the city center to be dominant drivers in the area. However, despite the robustness of
the CA–MC model, further studies are needed to identify the role of various urban agents and explore
the non-quantitative and non-spatial governing processes of land-use changes.
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